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A Datasets

To fully validate the improvement effect of our approach to existing AQA meth-
ods, we conduct extensive experiments on four public AQA benchmarks, includ-
ing the mainstream large-scale diving scenarios FineDiving [8] (with frame-wise
annotations) and MTL-AQA [4] (without frame-wise annotations), the surgical
scenario JIGSAWS [2] (without frame-wise annotations and sub-action terminol-
ogy), and the long-term figure skating Fis-V [7] (without frame-wise annotations
and sub-action terminology). Below we describe the datasets in detail.
FineDiving. FineDiving [8] is a recently proposed large-scale fine-grained diving
benchmark, which is the first to construct frame-wise annotations for action
quality assessment. It collects 3000 different diving instances from the Olympics,
World Cup, World Championships, and European Aquatic Championships from
the Internet. FineDiving offers a wider variety of diving scenarios than existing
datasets, with 52 action types, 29 sub-action types, and 23 difficulty degree types.
This dataset is further emphasized by its complex multi-grained annotations,
including fine-grained details such as action types, sub-action types, both coarse-
and fine-grained temporal delineations, as well as commonly used AQA scores.
We follow the criteria proposed by the FineDiving dataset, using 75% of the
samples as the training set and the other 25% as the testing set.
MTL-AQA. MTL-AQA [4] is a widely recognized and used large-scale div-
ing dataset in AQA, consisting of 16 different diving events containing a total
of 1412 samples. Besides the AQA scores, the MTL-AQA provides additional
annotations, including detailed action types and commentary. These event com-
mentaries are also valuable textual semantics that warrant further exploration in
the future. The dataset has a comprehensive range of data scenarios, including
both male and female athletes, both single and double diving events, and span-
ning both the 3m springboard and 10m platform diving categories. Following the
prescribed criteria for the MTL-AQA dataset, we use 1059 samples for training,
while 353 samples are retained for testing.
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Table 1: Effects of the number of transformer decoder layers in our semantic-aware
collaborative attention (SCA).

#Layers AIoU@↑
ρ↑ R-ℓ2 (×100)↓0.5 0.75

1 97.46 60.21 0.9384 0.2982
3 98.66 67.16 0.9419 0.2840
5 98.40 65.20 0.9335 0.3273
7 98.13 61.42 0.9249 0.3849
10 98.61 66.76 0.9246 0.4239

JIGSAWS. The JIGSAWS [2] dataset is a widely used dataset for surgical ac-
tion analysis, featuring three surgical scenarios: “Suturing (S),” “Needle Passing
(NP),” and “Knot Tying (KT).” The scoring framework of JIGSAWS incorpo-
rates multiple assessments based on distinct rules, leading to a final aggregated
score. To ensure equitable comparisons with previous studies [1, 5, 9], we align
our method using only the left view of the dataset. Our experimental setup fol-
lows a four-fold cross-validation approach, consistent with established practices
in the field.
Fis-V. The Fis-V [7] dataset comprises 500 videos featuring ladies’ singles short
programs in figure skating. Each video has an approximate duration of 2.9 min-
utes and a frame rate of 25 frames per second. Adhering to the official split,
400 videos are allocated for training, while the remaining 100 are designated for
testing. All videos come annotated with two scores: Total Element Score (TES)
and Total Program Component Score (PCS), following the competition rule.
Following previous works [6, 7], we train individual models for the two scores.

B More Ablation Study

In this section, we perform more ablation studies on the details of our approach.
If not otherwise stated, all experiments are conducted on the FineDiving dataset
with setting ‘w/ DN’.
Effects of the number of transformer decoder layers. To explore the
effects of different number of transformer layers on the performance of our SCA
module in fusing textual semantics and visual representations, we conduct several
experiments. Tab. 1 demonstrates the performance of different layers, namely,
1, 3, 5, 7, and 10. It can be seen that the best results are achieved (namely
0.9419 and 0.2840) on Spearman’s rank correlation and R-ℓ2 metrics when the
number of layers is 3. After further increasing the number of layers, there is
a noticeable decrease in performance. This may be attributed to overfitting in
the visual-language fusion of a sub-action stage, where too many transformer
encoder layers disrupt the balance between visual and textual modalities.
Effects of the number of attention heads. Furthermore, we also performed
several ablation experiments to verify the effects of different numbers of attention
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Table 2: Effects of the number of attention heads in our semantic-aware collaborative
attention (SCA).

#Heads AIoU@↑
ρ↑ R-ℓ2 (×100)↓0.5 0.75

4 95.73 61.95 0.9356 0.3016
8 98.66 67.16 0.9419 0.2840
16 98.93 68.62 0.9322 0.3442
32 99.20 68.89 0.9261 0.3666

Table 3: Effects of different collaborative approaches between vision and language. ✓
indicates using this representation. Fi3d, Fvis, and Ftext denote the representations of
the visual of I3D, the visual of CLIP, and the textual of CLIP.

Fi3d Fvis Ftext
AIoU@↑

ρ↑ R-ℓ2 (×100)↓0.5 0.75

✓ × × 92.52 50.60 0.9295 0.3196
✓ ✓ × 96.13 61.98 0.9357 0.3072
✓ × ✓ 98.93 69.94 0.9346 0.4012
× ✓ ✓ 96.39 62.44 0.9289 0.3273
✓ ✓ ✓ 98.66 67.16 0.9419 0.2840

heads on the performance of SCA. As shown in Tab. 2, when the number of
heads is increased from 4 to 8, there is a improvement of 2.93%, 5.21%, 0.63%,
and 0.0176 on AIoU@0.5, AIoU@0.75, Spearman’s rank correlation, and R-ℓ2
metrics, respectively. When the number of heads is larger than 8, although the
action segmentation is more accurate, it brings a significant decrease in the
performance of AQA. One possible reason is that too many heads overfit to mine
textual semantic information leads to too much focus on action segmentation,
yet also introduces useless noise to the visual representation.
Effects of collaborative approaches between vision and language. As
shown in Tab. 3, we perform several experiments to explore the effective collab-
orative interactions between CBP and VLP branches. The first line of results
indicates that the SCA module is not used. When the visual representations of
CBP and VLP branches are utilized to collaboratively complement each other,
the performance is improved by 0.62% and 0.0124 on ρ and R-ℓ2 metrics. This
shows the complementarity between the CBP and VLP branches, which is con-
sistent with the exploration in [3]. And the performance further reaches the best
when we introduce textual semantics to guide the visual representations. It is
worth noting that the predicted score error increases when fusing only Fi3d and
Ftext, which may be due to the confusing cross-modal interactions between CBP
visual embeddings and VLP textual embeddings. Whereas only using the vi-
sual and textual representations of VLP brings a decrease in performance, this
may be due to the lack of discriminative spatial-temporal action information in
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Table 4: Model parameters and computational overheads. Video-level, stage-level, and
frame-level represent the process of maximizing similarity at multiple granularities.

PARAMS GFLOPs

All MVLA Video-level Stage-level Frame-level

11.25M 2.9621 0.0002 0.0013 0.0153

Table 5: Comparison of performance and parameters of the SCA and vanilla cross-
attention block. Fi3d, Fvis, and Ftext denote the features of the visual of I3D and CLIP,
and the text of CLIP.

query key value Dim. PARAMS AIoU@↑
ρ↑ R-ℓ2 (×100)↓0.5 0.75

Ftext Fvis Fi3d 512 9.52M 95.19 58.61 0.9293 0.3212
Fi3d Fvis Ftext 512 9.52M 97.85 66.83 0.9386 0.2951
Fi3d Fvis Ftext 256 2.53M 96.41 63.35 0.9352 0.3046
Fi3d Fvis Ftext 64 0.18M 95.30 63.07 0.9290 0.3187
Fi3d Ftext Ftext 512 9.52M 98.13 66.51 0.9354 0.3178
Fvis Ftext Ftext 512 9.52M 97.26 65.20 0.9324 0.3109

SCA (Ours) 512+64 9.63M 98.66 67.16 0.9419 0.2840

CBP, which is important for AQA. Our SCA can effectively address the confus-
ing cross-modal and cross-semantic space interactions among the three features,
introducing properly action prior knowledge.
Model parameters and computational overheads. We show the additional
parameters and overhead that would be incurred by embedding our model as a
plug-in into existing methods in Tab. 4. Take a video pair {V1,V2} ∈ R3×96×224×224

as an example. First, all three levels (video-level/stage-level/frame-level) of max-
imized similarity are low-latitude sequence features with costs of 0.0002/0.0013/
0.0153 GFLOPs. With VLP backbone fully frozen, the additional cost is 11.25M
and 2.9621 GFLOPs. Despite the additional cost, our method significantly im-
proves the performance of existing methods, e.g ., 1.37% and 0.109 on average
for Spearman’s correlation and R-ℓ2 on MTL-AQA dataset, and 3.40% and
1.381 on JIGSAWS dataset. We hope that this work will bring attention to
action knowledge learning in AQA to the community.
Comparison of our SCA and vanilla cross-attention. Our SCA is de-
signed to avoid confusing cross-modal, cross-semantic space interactions between
CBP and VLP. We compare the parameters and effects of using our SCA and
vanilla cross-attention (CA) to fuse multimodal features in Tab. 5. It can be
observed that the vanilla CA does not work well. Our SCA enhances the 512-
dimensional CA with an additional 64-dimensional attention of only 0.11M pa-
rameters, achieving superior results. This may be due to that SCA first utilizes
the rich cross-modal knowledge of CLIP to aggregate textual semantic and visual
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Table 6: Effects of loss of clip-level feature alignment in FUM.

Method (w/ DD) ρ↑ R-ℓ2 (×100)↓

TSA [8] 0.9470 0.307
Triplet loss 0.9588 0.278

NT-Xent loss 0.9594 0.271
KL divergence (Ours) 0.9615 0.257

features, and then further complements VLP with CBP. Moreover, maintaining
the native 512 dimensions of CLIP for VL interactions yields the best results,
maybe because the projection network destroys the semantics.
Effects of loss of clip-level feature alignment in FUM. We conduct sev-
eral experiments to identify the impact of different losses of clip-level feature
alignment in the FUM scheme. As shown in Tab. 6, we plugged our method
into the TSA [8] for experiments on MTL-AQA dataset with setting ‘w/ DD’. It
can be observed that, compared to the commonly used contrastive learning loss
(triplet loss and NT-Xent loss), our method using KL divergence achieves better
results. This may be attributed to the flexibility of KL divergence in capturing
subtle differences in the similarity curves between the CBP and VLP branches.
Whereas contrastive learning loss focuses more on the relative ranking between
different sample pairs than on nuances, which is not well suited for this work.

C More Experiment Settings

C.1 Meanings of “DN” and “DD” in Settings

On the FineDiving dataset, “DN” denotes dive numbers. Thus, “w/ DN” denotes
selecting exemplar videos with the same dive number from the training set for
contrastive regression. “w/o DN” denotes randomly selecting videos from the
training set. Similarly, “DD" denotes the degree of difficulty on the MTL-AQA
dataset. “w/ DD” and “w/o DD” denote using the degree of difficulty to select
exemplars and random selection. It is worth noting that only methods using a
contrastive regression framework require the selection of exemplar videos, such
as CoRe [9], TSA [8], and TPT [1]. Whereas for methods that directly regress
score of a single video, such as USDL [5], MUSDL [5], and HGCN [10], we follow
the experimental settings reported in these papers. Under “w/ DD”, all three
methods predict the judges’ scores for videos, which are then combined with the
ground-truth DD labels to obtain the final scores. Under "w/o DD", MUSDL
adds an additional branch to predict the DD score, which is then combined with
the predicted judges’ scores.

C.2 Number of Action Segmentation

In this paper, we perform action segmentation of visual features to obtain multi-
grained embeddings to align with multi-level textual semantics. For frame-wise
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Table 7: The detailed descriptions of multi-level textual annotations on the FineDiving
dataset. The first line in each block is stage-level text and the second line is video-level
text.

Type Multi-Level Textual Annotation Type Multi-Level Textual Annotation

101B forward take-off 0.5 somersault pike flight entry into the water 5132D forward take-off 1.5 somersaults pike, 1 twist, and 1.5 somersaults pike flight entry into the water
forward take-off, 0.5 somersault pike flight, and entry into the water forward take-off, 1.5 somersaults pike, 1 twist, and 1.5 somersaults pike flight, and entry into the water

103B forward take-off 1.5 somersaults pike flight entry into the water 5152B forward take-off 2.5 somersaults pike, 1 twist, and 2.5 somersaults pike flight entry into the water
forward take-off, 1.5 somersaults pike flight, and entry into the water forward take-off, 2.5 somersaults pike, 1 twist, and 2.5 somersaults pike flight, and entry into the water

105B forward take-off 2.5 somersaults pike flight entry into the water 5154B forward take-off 2.5 somersaults pike, 2 twists, and 2.5 somersaults pike flight entry into the water
forward take-off, 2.5 somersaults pike flight, and entry into the water forward take-off, 2.5 somersaults pike, 2 twists, and 2.5 somersaults pike flight, and entry into the water

107B forward take-off 3.5 somersaults pike flight entry into the water 5156B forward take-off 2.5 somersaults pike, 3 twists, and 2.5 somersaults pike flight entry into the water
forward take-off, 3.5 somersaults pike flight, and entry into the water forward take-off, 2.5 somersaults pike, 3 twists, and 2.5 somersaults pike flight, and entry into the water

107C forward take-off 3.5 somersaults tuck flight entry into the water 5172B forward take-off 3.5 somersaults pike, 1 twist, and 3.5 somersaults pike flight entry into the water
forward take-off, 3.5 somersaults tuck flight, and entry into the water forward take-off, 3.5 somersaults pike, 1 twist, and 3.5 somersaults pike flight, and entry into the water

109B forward take-off 4.5 somersaults pike flight entry into the water 5231D back take-off 0.5 twist and 1.5 somersaults pike flight entry into the water
forward take-off, 4.5 somersaults pike flight, and entry into the water back take-off, 0.5 twist and 1.5 somersaults pike flight, and entry into the water

109C forward take-off 4.5 somersaults tuck flight entry into the water 5233D back take-off 1.5 twists and 1.5 somersaults pike flight entry into the water
forward take-off, 4.5 somersaults tuck flight, and entry into the water back take-off, 1.5 twists and 1.5 somersaults pike flight, and entry into the water

201A back take-off 0.5 somersault straight flight entry into the water 5235D back take-off 2.5 twists and 1.5 somersaults pike flight entry into the water
back take-off, 0.5 somersault straight flight, and entry into the water back take-off, 2.5 twists and 1.5 somersaults pike flight, and entry into the water

201B back take-off 0.5 somersault pike flight entry into the water 5237D back take-off 3.5 twists and 1.5 somersaults pike flight entry into the water
back take-off, 0.5 somersault pike flight, and entry into the water back take-off, 3.5 twists and 1.5 somersaults pike flight, and entry into the water

201C back take-off 0.5 somersault tuck flight entry into the water 5251B back take-off 0.5 twist and 2.5 somersaults pike flight entry into the water
back take-off, 0.5 somersault tuck flight, and entry into the water back take-off, 0.5 twist and 2.5 somersaults pike flight, and entry into the water

205B back take-off 2.5 somersaults pike flight entry into the water 5253B back take-off 1.5 twists and 2.5 somersaults pike flight entry into the water
back take-off, 2.5 somersaults pike flight, and entry into the water back take-off, 1.5 twists and 2.5 somersaults pike flight, and entry into the water

205C back take-off 2.5 somersaults tuck flight entry into the water 5255B back take-off 2.5 twists and 2.5 somersaults pike flight entry into the water
back take-off, 2.5 somersaults tuck flight, and entry into the water back take-off, 2.5 twists and 2.5 somersaults pike flight, and entry into the water

207B back take-off 3.5 somersaults pike flight entry into the water 5331D reverse take-off 0.5 twist and 1.5 somersaults pike flight entry into the water
back take-off, 3.5 somersaults pike flight, and entry into the water reverse take-off, 0.5 twist and 1.5 somersaults pike flight, and entry into the water

207C back take-off 3.5 somersaults tuck flight entry into the water 5335D reverse take-off 2.5 twists and 1.5 somersaults pike flight entry into the water
back take-off, 3.5 somersaults tuck flight, and entry into the water reverse take-off, 2.5 twists and 1.5 somersaults pike flight, and entry into the water

301B reverse take-off 0.5 somersault pike flight entry into the water 5337D reverse take-off 3.5 twists and 1.5 somersaults pike flight entry into the water
reverse take-off, 0.5 somersault pike flight, and entry into the water reverse take-off, 3.5 twists and 1.5 somersaults pike flight, and entry into the water

303C reverse take-off 1.5 somersaults tuck flight entry into the water 5353B reverse take-off 1.5 twists and 2.5 somersaults pike flight entry into the water
reverse take-off, 1.5 somersaults tuck flight, and entry into the water reverse take-off, 1.5 twists and 2.5 somersaults pike flight, and entry into the water

305B reverse take-off 2.5 somersaults pike flight entry into the water 5355B reverse take-off 2.5 twists and 2.5 somersaults pike flight entry into the water
reverse take-off, 2.5 somersaults pike flight, and entry into the water reverse take-off, 2.5 twists and 2.5 somersaults pike flight, and entry into the water

305C reverse take-off 2.5 somersaults tuck flight entry into the water 612B armstand forward take-off 1 somersault pike flight entry into the water
reverse take-off, 2.5 somersaults tuck flight, and entry into the water armstand forward take-off, 1 somersault pike flight, and entry into the water

307C reverse take-off 3.5 somersaults tuck flight entry into the water 6142D armstand forward take-off 1 twist and 2 somersaults pike flight entry into the water
reverse take-off, 3.5 somersaults tuck flight, and entry into the water armstand forward take-off, 1 twist and 2 somersaults pike flight, and entry into the water

401B inward take-off 0.5 somersault pike flight entry into the water 614B armstand forward take-off 2 somersaults pike flight entry into the water
inward take-off, 0.5 somersault pike flight, and entry into the water armstand forward take-off, 2 somersaults pike flight, and entry into the water

403B inward take-off 1.5 somersaults pike flight entry into the water 6241B armstand back take-off 0.5 twist and 2 somersaults pike flight entry into the water
inward take-off, 1.5 somersaults pike flight, and entry into the water armstand back take-off, 0.5 twist and 2 somersaults pike flight, and entry into the water

405B inward take-off 2.5 somersaults pike flight entry into the water 6243D armstand back take-off 1.5 twists and 2 somersaults pike flight entry into the water
inward take-off, 2.5 somersaults pike flight, and entry into the water armstand back take-off, 1.5 twists and 2 somersaults pike flight, and entry into the water

405C inward take-off 2.5 somersaults tuck flight entry into the water 6245D armstand back take-off 2.5 twists and 2 somersaults pike flight entry into the water
inward take-off, 2.5 somersaults tuck flight, and entry into the water armstand back take-off, 2.5 twists and 2 somersaults pike flight, and entry into the water

407B inward take-off 3.5 somersaults pike flight entry into the water 626B armstand back take-off 3 somersaults pike flight entry into the water
inward take-off, 3.5 somersaults pike flight, and entry into the water armstand back take-off, 3 somersaults pike flight, and entry into the water

407C inward take-off 3.5 somersaults tuck flight entry into the water 626C armstand back take-off 3 somersaults tuck flight entry into the water
inward take-off, 3.5 somersaults tuck flight, and entry into the water armstand back take-off, 3 somersaults tuck flight, and entry into the water

409C inward take-off 4.5 somersaults tuck flight entry into the water 636C armstand reverse take-off 3 somersaults tuck flight entry into the water
inward take-off, 4.5 somersaults tuck flight, and entry into the water armstand reverse take-off, 3 somersaults tuck flight, and entry into the water

annotated methods (FAM), we transform the clip-level features into frame-level
features. By leveraging frame-wise annotations, we learn to predict the bound-
aries of three action stages (“take-off”, “flight”, and “entry”) and subsequently
segment the frame-level features to obtain stage-level features. To standardize
model learning, we follow the prior work [8] to keep the number of action seg-
mentation L constant at 2, i.e., predicting two stage boundaries to segment out
three sub-action stages. Some dive numbers have multiple sub-action types for
the “flight” stage. For instance, 5353B includes 1.5 Twists and 2.5 Soms.Pike,
while 5156B comprises 2.5 Soms.Pike, 3 Twists, and 2.5 Soms.Pike. These sam-
ples can be regarded as special performance cases of the “flight” stage, so we
uniformly segment the complete “flight” stage.

For frame-wise unannotated methods (FUM), we cannot accurately predict
the boundaries of frame-level features without frame-wise annotations, which
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may lead to incorrect fine-grained action knowledge learning. Therefore, we di-
rectly fix the segmentation of clip-level features based on the prevalent situations
in the action scene. Segmentation boundaries are manually designed by profes-
sionals based on a priori knowledge. Specifically, most existing methods extract
10 clip-level features for the MTL-AQA dataset, and the stage boundaries are
set to {3, 7}. The TPT [1] extracts 20 clip-level features, and we accordingly set
the boundaries to {6, 14}. For the JIGSAWS and Fis-V datasets that do not use
the textual semantics of specific sub-actions, we divide the video clips equally.

D Multi-Level Textual Annotation

We show the detailed descriptions of our constructed multi-level textual an-
notations in Tab. 7 using FineDiving as an example, and MTL-AQA is anno-
tated using the same logic. Each text is combined with manually crafted prompt
template like ‘a diving video of a [category]’. These annotations will be
released after the paper is accepted.
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